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This paper presents a framework and methods to estimate electric vehicles’ possible states, 
regarding their demand, location and grid connection periods. The proposed methods use the 
Monte Carlo simulation to estimate the probability of occurrence for each state and a fuzzy 
logic probabilistic approach to characterize the uncertainty of electric vehicles’ demand. 
Day-ahead and hour-ahead methodologies are proposed to support the smart grids’ 
operational decisions. A numerical example is presented using an electric vehicles fleet in a 
smart city environment to obtain each electric vehicle possible states regarding their grid 
location. 




Electric Vehicles (EVs) are one of the main proposed alternatives to replace the 
conventional vehicles powered by fossil fuels [1]. Despite the first EVs being developed in 
the 19th century, more than 100 years ago, petrol vehicles have overcome them due to their 
higher autonomy and low fuel prices [2]. Currently, the situation is changing and important 
advances have been achieved in the batteries’ technology, i.e., the energy density has 
increased by several-folds [3]. Successful EVs have been settling on the market, e.g., Nissan 
Leaf, Tesla S, and Renault Zoe, together sold more than 200,000 vehicles worldwide. 
The EVs’ batteries charging is possible by using both regenerative braking and by 
connection of the electrical outlet. However, the last is by far the main source of EV’s energy 
[4]. This means that EVs are highly dependent to the electricity grid, which may affect the  
power system operation [5]. To mitigate to those effects, it is important that both transmission 
and distribution grid system are integrated and smart according to [6]. In [7], the relation of 
electric mobility between transportation and the power grid is analyzed by providing the EVs’ 
daily patterns at different grid locations, while showing that control can be used to mitigate 
the network congestion and to change the transport behavior. A possibility widely studied 
but not yet completely developed as a commercial plan is using EVs not only as a load, but 
also as a source to the grid. This concept is often designated as Vehicle-to-Grid (V2G) [8]. 
Moreover, EVs could be used to provide energy to the buildings as proposed in [9], namely 
for the interactions of EVs with a medium office building. The economic viability of the V2G 
technology and the relevant business models have already been addressed in [10–12]. Indeed, 
V2G can contribute to increase stability, reliability, serve as storage and lower electricity 
costs, e.g. by reducing the $12 billion per year in USA related with balancing [10]. In [11, a 
 
 
research is conducted to identify actors and operational activities affected by EVs integration, 
while proposing solutions for short term planning and operational tasks including load 
management and V2G. A regulatory framework and business models for network operators 
and EVs aggregators are described in [11] regarding opportunities for V2G applications, such 
as peak power and frequency regulation. Models regarding EVs’ bidding and optimal 
charging strategies are proposed in [13]. The problem of optimally managing a microgrid 
considering V2G interactions is addressed in [14–16]. In [14], a robust optimization is 
proposed to tackle uncertainty of vehicles’ behavior in the energy management problem 
considering V2G services. In [15], the V2G frequency regulation service under an energy 
aggregator concept is investigated using a optimization approach. In [16], a day-ahead energy 
scheduling model is proposed to address the use of distributed energy resources, including 
massive V2G deployment. 
Integration of renewable generation and EVs will affect modernized power systems’ 
planning and operation, mainly due to uncertainties in this paradigm. Information regarding 
EVs’ location and expected demand would ultimately lead to a better grid planning and 
operation by reducing the degree of uncertainties. One EV user can leave home early in the 
morning at 8:00 and return from work at 18:00. This behavior may be similar in working 
days. However, some deviations and rare events can occur such as a late leave in the morning, 
e.g. at 9:00. Efficiently managing these deviations is important to improve future smart grids’ 
management under the smart cities’ concept. Smart city is defined in [17] as a city in which 
Information and Communication Technology (ICT) is merged with traditional 
infrastructures, coordinated and integrated using the latest digital technologies. This type of 
cities represents a community interconnected and sustainable, comfortable, attractive and 
secure. These Smart Cities can be integrated in a solution considering electricity, water and 
 
 
gas consumptions, as well as heating and cooling systems, public safety, wastes management 
and mobility. In the context of smart cities and due to ICT improvements , big data will be 
available for smart grid operators [18]. Real-time records regarding EVs’ location, time of 
charge and energy charged, could be maintained in appropriate data storage systems, e.g. a 
computer cloud. This data can be processed to be useful for operators in a later stage. 
1.1.Literature review 
Several methodologies have been proposed in the literature to deal with the uncertainty 
of EVs in a power grid. The MCS method is employed in [19–22] to deal with the 
uncertainties that are associated with the energy planning of power systems, buildings and 
microgrids. A multi-criterion optimization method for renewable energy system design 
towards net zero energy building is proposed in [19], considering the uncertainties of energy 
generation and consumption. The MCS is conducted to estimate the power mismatch and 
annual energy balance. In [20], Monte Carlo analysis is used to analyze the impacts of more 
aggressive U.S. residential and commercial building-energy codes and equipment standards 
on energy consumption and energy service costs. Authors claim that the study is robust to 
significant uncertainties by using MCS. In [21], a MCS is used to generate a set of random 
inputs, which are uncertain variables, such as: learning effect, fuel price and CO2 cost in the 
optimization of Korean energy planning for a sustainable future. In [22], authors use the 
Sequential MCS to generate the net load of a microgrid, for two different scenarios, one 
without considering the stochastic correlations and the other considering stochastic 




In [1], authors study the impact on power system reliability considering uncertainty in 
the EVs. The work proposes to use Monte Carlo Simulation (MCS) to generate a set of 10,000 
scenarios and then K-means clustering to reduce the complexity to 3 scenarios. The work 
does not consider any historical database but rather a presumable driving pattern for a 
representative fleet of EVs. Moreover, the location of EVs is ignored for their purpose. In 
[23] a Markov Chain Monte Carlo method is employed to model the household occupancy 
based on time use surveys, which together with weather variables, neighborhood 
characteristics and behavioral data, are used to model the switching pattern of appliances. 
Authors claim that EVs are considered in the model to estimate the residential electrical load. 
In [24], a PEV aggregator model is used. PEV aggregators submit three forecasted amounts 
for the total available capacity, required state of charge, and the available power for one hour 
in an EV. MCS is used to obtain different samples from the distributions of the uncertain 
variables. The estimated variables are capacity of EVs, state of charge and available power 
in an aggregated way. In [25] a MCS is used to build up a distribution of possible demands 
on trial networks for a single peak load day to evaluate distribution network impacts. The 
MCS is evaluated by individual user and the data for further analysis are obtained by 
combining the domestic load profile and EV charging profiles. In [26], a stochastic model is 
proposed to enable the optimal charging of EVs in the presence of renewable energy sources. 
The EVs are not considered individually but are clustered into fleets. Only the energy needs 
of the fleet are considered. In fact, the MCS method is the same as published in [1], but 
modified for a different purpose. The work reported in [27] uses MCS to obtain EVs’ profiles 
regarding their locations with the aim to evaluate the impacts on the distribution networks. 
Scenarios with 25% and 50% of EVs’ penetration are tested in a small island of Azores in 
Portugal. A model to estimate a fleet of plug-in electric vehicles energy demand is proposed 
 
 
in [28]. This model is used to evaluate the impacts of charging in distribution networks. This 
work uses MCS to generate vehicles’ trips according to users’ behavior, types of vehicles, 
periods of charging and the temperature effect. In [29] an EV demand model for load flow 
studies is developed. The model considers the EVs’ demand as PQ buses with stochastic 
characteristics using queueing theory as a function of the charging time. This method was 
tested considering a case study with only one type of vehicle and does not take into account 
the changing behavior along the day. The same method has been applied in [30], to develop 
a probabilistic constrained load flow with the presence of EVs. In [31] a fuzzy logic (FL) 
control strategy is proposed for an EV energy management system with dual source power 
(battery and super capacitor). This architecture is proposed in order to satisfy EVs energy 
requirements, improving both the EVs efficiency as well as the overall performance of the 
system. 
1.2.Contributions 
This paper proposes a way to estimate the EVs’ possible states (set of scenarios) 
regarding their location, grid connection periods and the energy demand. Predicting EVs’ 
events is helpful and valuable for smart grids’ management, due to their stochastic nature. In 
this context, an accurate set of stochastic scenarios can help operators to reduce their 
operation costs [32]. Therefore, reliable tools are very important to obtain these scenarios. 
For instance, they can help in designing adequate demand response programs, to offer 
different tariffs and location-based tariffs, to improve the use of V2G technology, and to 
reduce network problems, such as congestion. 
The research reported in this paper envisages a cloud-based operation with dispersed 
sensing devices, namely in the context of Internet of Things (IoT) and big data. It is assumed 
 
 
that each EV has appropriate sensing devices to collect and generate data. The data can be 
stored locally in the EV or accessed by cloud applications and stored remotely (see Fig. 1). 
In the proposed concept, each EV has one processing unit with the capability to process 
information in real-time. This information can be stored in a memory card and transmitted 
over the cloud via internet with an appropriate communication technology. The type of data 
transmitted by each vehicle could be the EVs ' location, time of charge, energy charged, 
charged rate and trip consumptions (see Fig. 1).  
 Figure 1. 
To the best of our knowledge this problem has not yet been addressed in the context of a 
smart city in the literature. The developed work to obtain EVs’ scenarios are either limited 
or problem-specific, usually as a complement to a certain developed application, e.g. an 
energy management optimization model. Indeed, it was not possible to find a work that focus 
solely on this issue. Nevertheless, the studied works [1,24,26,27,29] do not take into account 
the existence of a historic database, while aggregated representative fleets are considered, 
thus not obtaining individual EV’s profiles. Estimating individual profiles can be important 
for energy resources scheduling in smart grids [32]. The work in [25], considers individual 
profiles, but does not propose to estimate locations as the purpose is to analyze the impact on 
the household consumption, whose location is a variable previously known. In fact, the 
uncertain location of EVs using MCS was not take into account in many papers [1,24–26,28].  
The work presented in this paper, discusses a possible database taking into account the 
smart city vision and proposes methods that benefit from the use of historical data. In 
addition, the methods developed in this work enable to deal and obtain either an individual 
 
 
or a fleet profile, namely estimations regarding energy demand, location and time of 
connection. 
1.3.Organization of the paper 
After this introductory section, section II presents the proposed methods, section III 
presents an illustrative case study that considers a 30 EVs fleet. Finally, the most relevant 
conclusions are presented in section IV. 
2. Proposed Methods 
The proposed stochastic scenario generation framework for day-ahead and hour-ahead 
horizon is discussed in this section. Moreover, the methods and their implementation to 
achieve the proposed objectives are also described, namely the MCS and the fuzzy logic 
approach. 
2.1.Stochastic Scenario Generation 
Fig. 2 shows an overview of the proposed EV’s stochastic scenario generation. A day-
ahead and an hour-ahead stochastic scenario generation is proposed here. The day-ahead 
generation provides information about the EV’s location during the next day (scenarios), 
considering the historical data contained in the cloud. The hour-ahead scenario takes into 
account the actual EV’s location, and uses the historical data with similar pattern to generate 
a set of possible scenarios for the next hour. Day-ahead generation is designed to run once a 
day, while hour-ahead is meant to run at each hour. This information can be used by grid 
operators in the context of their operation tasks. 
 Figure 2. 
 
 
To achieve the mentioned tasks, it is necessary to identify which cloud data (big data) is 
relevant to be retrieved and what are the most adequate methods. Fig. 3 depicts the proposed 
approach, using MCS and FL. 
 Figure 3. 
The Monte Carlo method is based on random sampling. In this sampling technique, a high 
number of random numbers are generated to estimate the probabilities of different system 
states [33]. This method is used in a wide range of applications, due to its stochastic nature, 
to obtain approximations for complex functions that are difficult to be analytically modelled. 
Assuming a database existence with a reasonable amount of historical data to run the MCS 
method, the necessary values must be filtered (e.g. vehicles’ locations). The algorithm 
reduces the historical data to 4 periods representing 6 hours each. Reducing the data amount 
is an important aspect for the efficient use of this method. Otherwise, a very significant 
processing capacity is required. A matrix is built with the stored values regarding historical 
connections to the grid (for instance outlet/network bus) of a given EV. In this case, the 
historical data can belong to two different groups: working days and weekends. If the 
objective is to obtain system states for weekdays, then the selected data should be properly 
aligned with this objective and the historical data of weekdays should be filtered. 
To obtain the energy demand uncertainty, a FL method is used, as well as a distribution 
function that best represents the EVs’ demand. The probability distribution function that best 
represents the EVs’ demand is obtained by combining a normal distribution [34] with the 
fuzzy membership function. To apply the FL, it is necessary to obtain historical data that 
incorporates the EVs’ charging information, to define upper and lower bound values,  and 
the number of degrees of truth. The fuzzy function centroid indicates for the shortest distance 
location for all points of the triangle, i.e. the average point of the area. 
 
 
2.2.Monte Carlo Simulation 
The Monte Carlo is used in random and repetitive events, and its’ main developer was the 
Hungarian-American mathematician John Von Neumann [35]. During World War II, in the 
atomic bomb construction project, Ulam, Von Neumann and Fermi considered this theory, 
which consisted of the direct simulation of probabilistic problems related to the neutron 
particles diffusion, when subjected to a nuclear fission process. 
The MCS ideology portrays a statistical method used in stochastic problems. It is used in 
a wide range of applications in several areas such as: physics, mathematics and biology. The 
Monte Carlo model is often used in situations requiring to obtain numerical approximations 
to complex functions, for which it is not feasible or even impossible to achieve an analytical 
or deterministic solution. Monte Carlo methods are used mainly in three distinct classes: 
optimization problems, numerical integration and generating samples from a probability 
distribution. 
Fig. 4 depicts the flowchart of MCS implemented in this paper. Assuming the existence of 
a database with a reasonable amount of historical data (as seen in Fig. 4), the necessary values 
needed to run the MCS methodology are prepared and assembled. A matrix is built with the 
stored values regarding historical connections to the grid (for instance outlet/network bus) of 
a given EV. The algorithm reduces the historical data from 24 periods (1 hour per period) to 
4 periods, representing 6 hours each. Without this reduction process, the problem requires 
higher computational means, while the reduced data is still sufficient to represent the daily 
vehicles behavior [36]. The selected data is an important aspect of the correct use of the 
methodology, e.g. if the objective is to obtain system states for weekdays, then the selected 
 
 
data should be properly aligned with this objective and correspondingly filtering historical 
data that contains weekdays only. 
The matrix can contain several entries corresponding each row to a different EV, each 
column to a different period and each third-dimension to a different day. With the appropriate 
records stored in the matrix, it is possible to evaluate another matrix, prob, storing the 
probabilities of being connected to a given network bus in a given period of the day. Hence, 
the MCS method uses this prob matrix to compare with random numbers and obtain each EV 
states. The logical comparison results in 0 or 1 corresponding to the state of connection to 
the grid, in matrix M. The location of connection in the grid is also associated in this stage, 
in matrix M_n. 
 Figure 4. 
Accuracy in Monte Carlo Simulation 




	           (1)	
The value of P is the reference probability and the value of N is the number of samples in 
MCS. In this specific case the reference probability (P) corresponds to the probability of a 
given EV to follow the expected timetable and the expected journey without having 
breakdowns. Equation (2) shows how to obtain the reference probability, with the value of xi 
= 0, representing a state where an EV is not charging and the value of xi = 1 representing a 











P is the reference probability 
N is the number of MCS samples (number of runs) 
xi  is the state variable (0/1) 







	         (3) 
For a desired level of accuracy (β) the number of MCS samples (N) depends on the 
reference probability but they are independent on the problem dimensionality. As the number 
of MCS iterations increases, the accuracy level should improve towards a constant value, 
which tends be close to 0. 
2.3.Fuzzy Logic 
The meaning of "fuzzy" term can be defined by something vague or uncertain [38]. FL is 
a very convenient approach for representing some forms of uncertainty, because it is based 
on a logic that recognizes more than simple true and false values. FL is often used to facilitate 
the expression of rules and facts. With FL, this propositions can be represented with degrees 
of truth. For example, the statement, “today is sunny”, might be 100% true if there are no 
clouds, 80% true if there are a few clouds, 50% true if it's hazy and 0% true if it is rains all 
day. FL allows an infinite range of values in the range [0, 1], which would indicate the 
possibility of a statement to be true (1) or false (0), assuming intermediate logical values 
neither completely true nor false. The process of converting a fuzzy region in a final numeric 
value is designated by defuzzification and consist in simply evaluating the region center of 
gravity as expressed by (4): 
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where: 
v – defuzzification value 
t(x) – degree of truth in the point x 
From the historical database (big data), the energy consumption parameter was obtained, 
corresponding to the energy dispended in the vehicle trips. When the vehicle is charging, the 
consumption has a null value. To apply the FL approach it is necessary to evaluate the 
average energy consumption from the filtered data. The FL implementation, requires 
defining an upper bound, and lower bound values as well as the number of degrees of truth. 
The fuzzy function centroid corresponds to the shortest distance for the all points the resulting 
function figure. Fuzzification was applied to the average and standard deviation values. 
The distribution that best represents the consumption of EVs is the normal distribution 
















	         (5)	
where: 
𝜇 – represents the average value of consumption; 
𝜎 – represents the standard deviation of consumption; 
P –represents values resulting from the fuzzy function; 
 
 
With the fuzzified values previously evaluated the normal distribution functions were 
derived. In this distribution the average value and the standard deviation are the respective 
FL values. As a final result the interval of probability (pessimistic and optimistic) of a given 
EV is obtained, corresponding to a specific demand in a time period. This can be used by 
operators to improve grid planning and to understand the behavior of EVs customers. 
3. Case Study 
Currently there is no historical data in significant amounts related with EVs, e.g. location, 
charged energy and time of charging. Hence, a scenario was generated concerning a realistic 
study, using a computer application in MATLAB software for a 30 EVs fleet. Fig. 5 shows 
the radial distribution network configuration and the Charging Stations (CS) location, where 
the EVs fleet can charge during the day. The case study considered a medium voltage 
distribution network (a voltage of 12.66 kV) with 33 buses. The Charging Stations (CS) are 
located at buses 10, 16, and 26, as represented in Fig. 5. 
 Figure 5. 
Due to the differences in the behavior of the EV users during weekdays and weekends, the 
historical data is divided in two sets. The weekdays’ group set has a total of 254 days, while 
the weekends’ and holidays’ group set correspond to a total of 111 days. Aspects such as: the 
probability of the EVs’ early leaving, the probability for breakdown and the probability of 
choosing the charging location are also considered in the model. The program considers the 
possible changes in the planned route, i.e. breakdowns or failures in the EV fleet, therefore 
it simulates a realistic behavior. The program stores the data in a permanent database, 
constituting the starting point for the MCS. This data could be considered the big data (see 




The information filtered from the data corresponds to the EV’s locations, i.e., for each EV 
and for each day period, it is possible to identify the bus where the EV was connected to the 
grid. To enable a feasible computation processing, one algorithm to reduce the amount of 
data was implemented. This algorithm compiles the historical data from 24 to 4 periods, 
where each period represents 6 hours. The first period corresponds to 1h-6h, the second 
period to 7h-12h, the third period to 13h-18h and the last period to 19h-24h. The chosen 
periods are sufficient to represent the daily behavior of a vehicle. The algorithm to reduce 
the scenarios employed statistics techniques, such as the mode. With the reduced data, the 
probability of each EV to be connected to a given bus at a certain period was evaluated. The 
result was a probabilities matrix that indicated for each EV the probability of being connected 
to a certain bus, in a given period. This data treatment enabled to use acceptable 
computational resources. The probability matrix was used as an input to the MCS method to 
compare with random numbers and to obtain each EV’s states. The outputs were a logical 
value, 1 and 0. If the value was 1, it meant that the EV was connected. After running MCS, 
the repeated states were counted and sorted. This resulted in a matrix containing the states 
and number of times that a given state occurred. More details about the method can be seen 
in the section 2.2. 
Considering the specific case of the weekday’s scenario, some results are described here. 
The MCS was simulated for 2 million iterations corresponding in practice to 2 million 
possible days. The result corresponds to 1,816,334 of different possible states. However, a 
lot of those states had a very low probability, nearly zero. Hence, those states were discarded, 
leaving only 10 states to consider. The probability of the top 3 and the other states (7 of 10) 
can be seen in Fig. 6. 
 
 
 Figure 6. 
Analyzing State 1 (Scenario 1), which is the most probable state to occur, the results 
showed that there are some EVs with the same location patterns. A total of 4 groups were 
created. The vehicles that belong to each group are depicted in table I. These groups were 
obtained by analyzing each individual EV’s profile. If they matched, e.g. same profile, they 
were aggregated. In this case, group 1 is the group with the higher number of EVs. A 
clustering method or other grouping technique can be used to find similarities. Table II 
presents the network locations (see figure 5) for these 4 groups. Figure 7 illustrates the 
location for the groups identified in state 1 . This figure presents the profile of state 1 obtained 
with MCS. 
 Table 1. 
 Table 2. 
 
 Figure 7. 
To determine the degree of precision, which aims to quantify the number of MCS iterations 
needed to obtain results with acceptable accuracy, equation (1) was used. In this case P is 
taken as the probability of state 1, as this is the reference state, the one that should occur more 
often. To verify if 2 million iterations are enough for this study, a script program has been 
executed starting with 100,000 iterations and steadily increasing this number by 100,000 until 
2,000,000. In each increment the value of accuracy was determined using the reference 
probability. Fig. 8 presents the degree of precision obtained for each increment from 100,000 
to 2,000,000 with a step of 100,000. As illustrated by this figure, as the number of iterations 
is increased, the MCS accuracy level improves. 
 Figure 8. 
 
 
The simulations were performed in a computer with an Intel Xeon W3550 3.07 GHz 
processor with 12 GB of RAM and Windows 8.1. The total execution time to run the MCS 
for this case study with 30 EVs was 262 seconds. The RAM used for execution of this process 
was approximately 8.5 GB. 
 
3.2.Hour-ahead 
In this section the results for the hour-ahead are presented. The hour-ahead takes into 
account the actual EV location and it uses historical data with similar pattern to generate a 
set of possible scenarios for the next hour. A prediction for the hour 1 of day 254 was made 
based on the location and previous historical data. The algorithm developed in this work 
looked for similar location patterns in the historical data and returned the possible locations 
for the next hour based on the previous data. With this information, each EV probability to 
be connected to a given bus was evaluated. The MCS was simulated for 2 million iterations, 
to determine a relevant set of possible states, thus obtaining a prediction of the next location 
for the next hour, in this specific case, hour 1 of day 254. The result after evaluating MCS 
was 216,170 of possible different states. However, a lot of those states had a very low 
probability, nearly zero. Hence, theses states were discarded, leaving only 10 states to 
consider. The probability of the top 3 states corresponds to 76%, wherein the first state 
represents 66% probability of occurrence, the second one 6% and the third 4%. The other 
states (7 of 10) corresponds to a total probability of 12%. 
In Fig. 9 it is possible to see the EVs predictable behavior for the next hour (for the most 
likely state: 1), which in this case corresponds to the hour 1 of day 254, taking into account 
the actual location for the hour 24 of the day 253. The probability of this locations for the 
 
 
EVs in the next hour is 66%. 
 Figure 9. 
The hour-ahead procedure was performed for the remaining hours, of day 254. Fig. 10 shows 
the EV-9 behavior for the 24 hours of day 254, for the top 3 states (colored dashed lines), 
which are the most probable states of occurrence. It is possible to see that in the top 3 states, 
the EV-9 as a high probability to be in trip between 7-13h and 21-24h periods. Hence, it is 
certain that the EV cannot charge in these periods. In addition, during the night there is a 
considerable amount of probability that EV-9 can be on bus 10 between 2h and 3h (state 2), 
with less probability to be on the same bus 10 between 4-5h, according to state 3. 
 Figure 10. 
To evaluate the degree of precision, which aims to quantify the number of iterations needed 
in MCS to obtain results with an acceptable error, equation (1) was used and the process 
realized in day-ahead was repeated. 
3.3.Energy Demand 
Regarding the uncertainty analysis associated with the energy demand, and considering the 
specific case of EV-1 some results are presented. Initially, the average of energy demand per 
trip was evaluated for a period of 24 hours a day (the average value for each hour along of 
254 days), which can be seen in Fig. 11 where it is possible to observe the consumption 
variations for each hour. After determining the average, the value of consumption standard 
deviation was evaluated, as shown in Fig. 12. 
 Figure 11. 
 Figure 12. 
FL was applied both for the average and standard deviation values. To implement the FL 
triangular function the lower bound, the upper bound, and the degrees of truth were defined. 
 
 
To a realistic result, two different cases were considered, one optimistic case and one 
pessimist case. For the pessimistic case, a lower bound with a value of -10% and an upper 
bound with a value of 20% was used. For the optimistic case, lower bound with a value of -
20% and an upper bound with a value of 10% was used. 
The results of the fuzzy method obtained for EV-1 in the hour 2 can be seen in the table III 
and IV. Table III represents the fuzzy for the energy demand average value and table IV 
depicts the energy demand standard deviation. Both tables represent the values of EV-1 in 
the hour 2. 
 Table 3. 
 Table 4. 
The representation of the fuzzy logic for the average can be seen it in the Fig. 13 
(pessimistic case) and Fig. 14 (optimistic case). 
 Figure 13. 
 Figure 14. 
In the view of these results, a probable energy demand range has been obtained, that can 
vary between 47.01 and 72.91 kW, depending on the considered deviations. 
The next stage was to implement the normal distribution with the values that were obtained 
with the FL (average fuzzy values and standard deviation fuzzy values). 
Fig. 15 depicts the probability distribution functions for each case, namely the original 
normal distribution, the fuzzy optimistic and the fuzzy pessimistic. The fuzzy optimistic and 
fuzzy pessimistic, resulted in the calculation of the normal distribution with the fuzzy values. 
The normal distribution, considered the original values for average and standard deviation. 
The values presented regard the demand probabilistic distribution for EV-1 in hour 2. 
 
 
 Figure 15. 
With the proposed fuzzy-probabilistic method it is possible to obtain the probabilities’ 
range that a given energy demand might reach. For example, the probability of EV-1 to have 
a charging demand higher than 20 kWh over 24 hour can be verified in Fig. 16 for the 
optimistic case and pessimistic case, respectively. 
 Figure 16. 
 
 
4. Conclusions  
This paper presents a framework to estimate the EVs’ possible states regarding their 
location and periods of connection in the grid. The MCS is used to model the uncertainties 
related with the location of EVs in the grid. The proposed model assumes the existence of 
efficient communication/information systems and cloud computing capabilities in the big 
data context. The energy demand is also estimated with the fuzzy approach. A numerical 
example is shown using a fleet of Electric Vehicles (EV) considering a smart city 
environment to obtain the states of EVs, regarding their location in the grid. In this paper one 
algorithm to reduce the number of scenarios and aggregate the data was implemented to 
enable a feasible computation by optimizing the algorithm execution time. Without 
implementing the data reduction approach, the computational resources required for 
executing the code would be very high and not efficient for the day-ahead time window. In 
future, it is recommend to try other alternatives of scenario generation techniques, e.g. 
Bootstrap method to reduce computational burden and make the idea more scalable. 
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Table 1.  Groups of EVs (State 1 – probability of 67%) 
 ID of EVs 
Group 1 1,2,3,4,11,12,13,16,17,18,19,26,27 
Group 2 5,6,714,15,20,21,22,29,30 
Group 3 8,9,23,24 




Table 2.  State 1 for the 4 groups (bus location) 
Period (h) 1-6 7-12 13-18 19-24 
Group 1 10 0 0 10 
Group 2 16 0 0 16 
Group 3 26 0 26 0 




Table 3.  Average fuzzy values for EV-1 in the hour 2 (kWh) 
Case Average Lower bound Fuzzy Value Upper bound 
Pessimistic  
59.76 
54.68 60.76 72.91 








Lower bound Fuzzy Value Upper bound 
Pessimistic  
3.76 
3.44 3.83 4.59 
Optimistic 2.96 3.70 4.07 
 
